Background/objectives Physical activity (PA) protects against a wide range of diseases. Habitual PA appears to be heritable, motivating the search for specific genetic variants that may inform efforts to promote PA and target the best type of PA for each individual. Subjects/methods We used data from the UK Biobank to perform the largest genome-wide association study of PA to date, using three measures based on self-report (n max = 377,234) and two measures based on wrist-worn accelerometry data (n max = 91,084). We examined genetic correlations of PA with other traits and diseases, as well as tissue-specific gene expression patterns. With data from the Atherosclerosis Risk in Communities (ARIC; n = 8,556) study, we performed a meta-analysis of our top hits for moderate-to-vigorous PA (MVPA). Results We identified ten loci across all PA measures that were significant in both a basic and a fully adjusted model (p < 5 × 10 −9 ). Upon meta-analysis of the nine top hits for MVPA with results from ARIC, eight were genome-wide significant. Interestingly, among these, the rs429358 variant in the APOE gene was the most strongly associated with MVPA, whereby the allele associated with higher Alzheimer's risk was associated with greater MVPA. However, we were not able to rule out possible selection bias underlying this result. Variants in CADM2, a gene previously implicated in obesity, risk-taking behavior and other traits, were found to be associated with habitual PA. We also identified three loci consistently associated (p < 5 × 10 −5 ) with PA across both self-report and accelerometry, including CADM2. We found genetic correlations of PA with educational attainment, chronotype, psychiatric traits, and obesity-related traits. Tissue enrichment analyses implicate the brain and pituitary gland as locations where PA-associated loci may exert their actions. Conclusions These results provide new insight into the genetic basis of habitual PA, and the genetic links connecting PA with other traits and diseases.
Introduction
A physically active lifestyle has been shown to protect against a wide range of diseases, including cardiovascular disease, cancer, type-2 diabetes, osteoporosis, and Alzheimer's disease [1] [2] [3] [4] . Levels of engagement in physical activity (PA) vary across individuals, and most people do not meet recommended levels to achieve health benefits. Although cultural, economic, and other environmental factors influence PA engagement [5, 6] , genetic factors also likely play a role. Understanding the genetic factors underlying inter-individual variation will better inform efforts to promote PA and potentially allow targeting the best type of PA for each person, what might be called "Precision Exercise Prescription".
Evidence of genetic factors underlying the propensity to exercise in humans has been demonstrated in a number of studies [7] [8] [9] [10] [11] [12] [13] . Several studies have utilized a candidate gene approach to identify specific genetic variants associated with a proclivity towards PA [8, [14] [15] [16] [17] [18] . This work generally focused on genes related to the serotonin and dopamine systems, energy metabolism, and neurotrophic factors. However, to our knowledge there have been only two previous reports of genome-wide association studies (GWAS) of PA [19, 20] , neither of which identified a locus at genome-wide significance, likely due to relatively small sample sizes. Thus, while previous work strongly suggests a genetic basis for engagement in PA, the genes that contribute to this healthy lifestyle behavior remain unknown.
In this study, we conducted the largest GWAS of PA to date, aiming to identify genetic variants associated with self-reported and accelerometry-based levels of habitual, leisure-time PA. We sought to identify variants in the UK Biobank, a large cohort study of 500,000 adults measured across a wide range of characteristics including genomewide markers. We then examined the genetic correlation of PA with other traits, examined putative tissues where PA genes may exert their effects, and meta-analyzed the identified loci for MVPA with data on self-reported PA in an independent cohort from the Atherosclerosis Risk in Communities (ARIC) study.
Methods

Studies
Data from the UK Biobank study were used for discovery of variants. Briefly, the UK Biobank is a large prospective cohort study of approximately a half-million adults (ages living in the United Kingdom (UK), recruited from 22 centers across the UK [21] . All participants provided written informed consent. Ethical approval of the UK Biobank study was given by the North West Multicentre Research Ethics Committee, the National Information Governance Board for Health & Social Care, and the Community Health Index Advisory Group. We also used data from the ARIC study (n = 8,556), which is a prospective cohort study of over 15,000 adults aged [45] [46] [47] [48] [49] [50] [51] [52] [53] [54] [55] [56] [57] [58] [59] [60] [61] [62] [63] [64] years that took place in four United States communities. The selection of this cohort for replication was based on (1) the quality of the PA phenotype which incorporates multiple questions assessing types, intensities, and frequency of PA (see below), (2) the focus on habitual, leisure-time PA, and (3) the relatively large sample size. In the absence of previous effect size estimates for genetic variants on PA, the sample size in ARIC, although comparatively much smaller than the UK Biobank, was deemed, on an a-priori basis, to serve as a suitable replication cohort. Details of the ARIC study can be found elsewhere [22] . All participants in ARIC provided written informed consent. Institutional review board approval was obtained by each participating field center . This study was approved by the University of Arizona Human Subjects Protection Program (Protocol number: 1300000659R001). To reduce the potential for confounding by population stratification, we included only individuals of white race/ ethnicity in both studies.
Physical activity
In the UK Biobank, self-reported levels of PA during work and leisure time were measured via a touchscreen questionnaire, in a fashion similar to the International Physical Activity Questionnaire [23] . For moderate PA (MPA), participants were asked: "In a typical WEEK, on how many days did you do 10 min or more of moderate physical activities like carrying light loads, cycling at normal pace? (Do not include walking)". For vigorous PA (VPA), participants were asked: "In a typical WEEK, how many days did you do 10 min or more of vigorous physical activity? (These are activities that make you sweat or breathe hard such as fast cycling, aerobics, heavy lifting)". For each of these questions, those who indicated 1 or more such days were then asked "How many minutes did you usually spend doing moderate/vigorous activities on a typical DAY". Participants were asked to include activities performed for work, leisure, travel and around the house. We excluded individuals who selected "prefer not to answer" or "do not know" on the above questions, those reporting not being able to walk, and individuals reporting more than 16 h of either MPA or VPA per day. Those reporting >3 h/day of VPA or MPA were recoded to 3 h, as recommended [24] . Moderate-to-vigorous PA (MVPA) was calculated by taking the sum of total minutes/week of MPA multiplied by four and the total number of VPA minutes/week multiplied by eight, corresponding to their metabolic equivalents, as previously described [23, 25] .
Since heritability has previously been shown to be higher for intense/vigorous PA [12] , we also considered VPA on its own. Because the distribution of minutes/week of VPA was highly skewed and zero-inflated, we chose to dichotomize minutes/week of VPA into those who reported 0 days of VPA, and those reporting 3 or more days of VPA and also reporting a typical duration of VPA that is 25 min or greater, corresponding to common PA guidelines [26] . Individuals that did not fall into either of these two groups were excluded. We decided to pick extremes because of the heavily skewed and zero-inflated nature of vigorous activity duration, and in order to increase our power to detect associations. We also performed a sensitivity analysis in which we included individuals who did not fall into either of the two groups described above, and placed these individuals in the group that did not meet 3 days of VPA/week of 25 min or greater per day (i.e., those meeting the 3 days/ week of VPA at 25/mins per day vs. not meeting this amount).
We used responses to the question "In the last 4 weeks did you spend any time doing the following?" and followup questions assessing the frequency and typical duration of "strenuous sports" and of "other exercises". The possible responses to the initial question were: 'walking for pleasure', 'other exercises', 'strenuous sports', 'light DIY', 'heavy DIY', 'none of the above', and 'prefer not to answer'. We identified individuals spending 2-3 days/week or more doing strenuous sports or other exercises (SSOE), for a duration of 15-30 min or greater. Controls were those individuals who did not indicate spending any time in the last 4 weeks doing either SSOE. Individuals that did not fall into either of these two groups were excluded. Extremes were chosen because of the heavily skewed and zeroinflated distributions of these variables.
Also, in the UK Biobank, approximately 100,000 participants wore an Axivity AX3 wrist-worn accelerometer, as previously described [27] . We examined two measures derived from up to seven days of accelerometer wear: overall acceleration average, and fraction of accelerations >425 milli-gravities (mg) [27] . Since the variable that is available in the UK Biobank is the fraction <425 mg, we subtracted 1 from this variable. The 425 mg cutoff was chosen because this corresponds to an equivalent of vigorous PA (6 METs), as previously reported [28] . For both accelerometry variables, individuals with less than three days (72 h) of data, or those not having data in each onehour period of the 24-h cycle were excluded. Based on missing data simulations by Doherty et al. [27] , 72 h of wear was determined to be needed to be within 10% of a complete seven-day measure. Device non-wear time, defined as consecutive stationary episodes >= 60 min where all three axes had a standard deviation < 13 mg, was imputed using the average of similar time-of-day vector magnitude and intensity distribution data points on different days [27] . This accounts for wear-time diurnal bias that may occur if the device was less worn during sleep in some individuals [27] . Finally, we also excluded outliers with values more than four standard deviations above the mean.
In ARIC, self-reported PA was assessed for sports/ exercise, within the previous year, based on a modification of the Baecke questionnaire [29, 30] . The sport/exercise index is based on up to four sports/exercises (including modalities of mild, moderate, and strenuous energy exertion) that participants reported in the past year, and was calculated with responses to four items: frequency of participation in sports/exercise; frequency of sweating during sports/exercise; a subjective rating of the frequency of participation in sports/exercise compared to others in the same age group; the sum of frequency, duration, and intensity of up to four reported sports/exercises. This derived index is described in greater detail elsewhere, along with an assessment of its reliability and accuracy [31] .
Genotypes
The majority of UK Biobank participants were genotyped with the Affymetrix UK Biobank Axiom Array (Santa Clara, CA, USA), while 10% of participants were genotyped with the Affymetrix UK BiLEVE Axiom Array. Detailed quality control and imputation procedures are described elsewhere [32] . Briefly, phasing was performed by the UK Biobank team in chunks of 15,000 markers, using SHAPEIT3 [33] software and 1000 Genomes phase 3 [34] dataset as a reference panel. Imputation was performed using a combined panel of the Haplotype Reference Consortium [35] and the UK10K haplotype resource [36] after appropriate marker and sample QC in chunks of 50,000 imputed markers. Principal Components Analysis was also performed by the UK Biobank team, using fastPCA [37] software on a set of 147,604 high-quality directly genotyped markers (pruned to minimize LD), and a set of 407,219 unrelated high-quality samples. All other samples were then projected onto the principal components [32] . Since corrections for potential problems with the position assignment of the SNPs from the UK10K haplotype resource were not available at the time of analysis, we only included SNPs imputed from the Haplotype Reference Consortium. To minimize the possibility of confounding due to population stratification, only participants who selfidentified as European were included. Individuals were excluded based on unusually high heterozygosity or >5% missing rate, a mismatch between self-reported and genetically-inferred sex. These criteria resulted in a total available sample size of 458,969 individuals with genotype data. SNP exclusions were made based on Hardy-Weinberg equilibrium (p < 1 × 10 −6 ), high missingness (>1.5%), low minor allele frequency (<0.1%), and low imputation quality (info < 0.4). A total of approximately 11.8 million SNPs were used in analyses. Of these, 4.1 million have a minor allele frequency < 1%.
In ARIC, participants were genotyped with the Affymetrix Genome-Wide Human SNP Array 6.0 (Affymetrix, Santa Clara, CA, USA). Standard quality control procedures were implemented prior to imputation with IMPUTE2 [38] , using all individuals in the 1000 Genomes phase 1 integrated v3 release. Quality-control procedures consisted of excluding SNPs with minor allele frequency < 1%, with missingness > 10%, and SNPs out of Hardy-Weinberg equilibrium (p < 1 × 10 −6 ), and excluding individuals with SNP missingness > 10%. We used principal components for the European-ancestry group as provided by ARIC in dbGaP. Briefly, LD pruning resulted in 71,702 SNPs that were used to derive principal components. A total sample size of 8,556 participants was used in the analysis.
Statistical analyses
For the continuous variables in the UK Biobank (MVPA and accelerometry variables) we created an adjusted phenotype corresponding to the residual of the regression of the following independent variables on the respective dependent PA variable: age, sex, genotyping chip, first ten genomic principal components, center, season (month) at center visit or wearing accelerometer (coded 0 for Winter, 1 for Fall or Spring, and 2 for Summer). In another model (Model 2), we considered the additional inclusion of the following covariates: levels of PA at work (coded as 0 by default, 1 for 'sometimes', 2 for 'usually', and 3 for 'always'), extent of walking or standing at work (coded similarly as previous variable), and the Townsend Deprivation Index (TDI; a composite measure of deprivation as previously described [39, 40] ). We also considered a third model (Model 3) in which body mass index (BMI) was included as an additional covariate. These covariates were considered since both self-reported and accelerometer-based measures of PA could include PA done as part of one's employment, as opposed to PA during leisure-time. Additionally, both SES and BMI may affect participation in leisure-time PA [5] . Since the MVPA and fraction of accelerations > 425 mg variables exhibited skewed distributions, we inverse-normalized these variables prior to inclusion in the models. Model residuals conformed to the assumptions of normality and homoscedasticity. GWAS were performed with BOLT-LMM software [41, 42] , which implements a mixed-model linear regression that includes a random effect consisting of the SNPs other than the one being tested, and thus takes into account relatedness among subjects. Since BOLT-LMM implements a linear regression, effect size estimates for case-control outcomes are unreliable. Therefore, as previously done elsewhere [43, 44] , we derived effect size estimates for the genomewide significant SNPs for the binary outcomes (VPA and SSOE) using logistic regression in R with the same set of fixed-effect covariates. Given the number of low-frequency SNPs [45] and phenotypes tested, we used a more stringent genome-wide significance threshold: p < 5 × 10 −9 . To examine the relationship of PA-associated SNPs with BMI, we tested the association of identified SNPs with BMI, which was first inverse-normalized, then adjusted via a linear regression with age, sex, genotyping chip, first ten genomic principal components, and center as independent variables. We also sought to identify variants consistently associated with PA across self-report and accelerometry PA measures, for overall PA and for high-intensity PA. We thus searched for variants associated in the same direction, with p < 5 × 10 −5 for: (1) MVPA and average acceleration, and (2) VPA, SSOE, and fraction of accelerations > 425 mg.
To determine the extent to which the loci identified in Model 3 may have been subject to collider bias on account of including BMI as a covariate, we derived an approach to estimate the unbiased effect of each SNP of interest on each metric of PA. Our approach was an extension of the methodology employed in Yaghootkar et al. [46] -the primary difference being the collider in our method (i.e., BMI) is a quantitative trait as opposed to a categorical/ disease trait. The unbiased coefficient can be expressed as:
where each β i;j is the corresponding coefficient of the ith variable in the jth model:
We confirmed this approach via simulation under a variety of conditions, including the inclusion of additional covariates and different relationships between BMI, PA, and a genetic marker (results not shown). For simplicity we modeled PA as a quantitative trait in all cases.
Given the association that we identified with the rs428358 variant in APOE (see 'Results'), we performed several additional analyses. First, we examined the associations with the APOE ε4 haplotype, using this SNP along with the rs7412 SNP. Different protein isoforms of APOE, which is a component of various lipoproteins, are produced by the different haplotypes defined by these two SNPs, and these haplotypes are well-established risk factors for Alzheimer's disease [47] and coronary artery disease [48, 49] .
Individuals with homozygous CC genotypes at both of these SNPs were classified as homozygous for the APOE ε4 allele. Individuals with homozygous CC genotypes at either SNP and heterozygous at the other SNP were classified as being heterozygous for the ε4 allele. We excluded a relatively small number of individuals heterozygous at both SNPs (n ≈ 10,000), because it is not possible to assign a haplotype status when both loci are heterozygous. We assumed an additive model in association testing. Second, to examine whether this association may be driven by individuals with a known family history of Alzheimer's disease increasing their levels of PA, we examined the association of a binary variable indicating any self-reported first-degree family history (mother, father, or siblings) of Alzheimer's disease or dementia with MVPA. Third, we examined the interaction of family history with the rs429358 SNP on MVPA. Fourth, we examined whether the association of rs429358 with MVPA was modified by age, by testing the interaction of this SNP with age, and testing the association of rs429358 with MVPA among individuals in their 40s, 50s, and 60s. Finally, given prior evidence of an association of APOE variants with BMI and the slightly attenuated associations upon our adjustment for BMI, we tested whether BMI mediated the association of rs429358 with MVPA. For this analysis, we used the mediation package [50] in R statistical software [51] .
All genome-wide significant loci were examined in ARIC, where we modeled PA as a continuous variable (as described above). We used multiple linear regression to model PA as a function of age, sex, first ten genomic principal components, center, season (coded in the same way as described above). Residuals from this model conformed to the assumptions of normality and homoscedasticity. They were standardized to have a mean of 0 and standard deviation of 1, and were used as the outcome in the genome-wide SNP association analysis. We performed meta-analysis of the top hits for MVPA in the UK Biobank with the corresponding SNP association results in ARIC, using fixed-effects inverse-variance weighted metaanalysis. We also used a method that uses only the p-values [52] to perform meta-analyses of the top hits for the other UK Biobank PA measures. Additional analyses were performed with R statistical software.
To examine the association of genes identified in the UK Biobank with gene expression patterns in different tissues, we used the web-based platform, Functional Mapping and Annotation of Genome-Wide Association Studies (FUMA GWAS) [53] , which uses data from GTEx [54] and the MAGMA gene-based analysis [55] . Also from this platform, we examined results of gene-set analyses performed for curated gene sets and Gene Ontology terms. We also used the summary statistics from our UK Biobank GWAS to examine heritability of PA traits and their genetic correlation with over 200 traits and diseases using LD score regression [56] [57] [58] , implemented in an online interface (http://ldsc.broadinstitute. org/). Briefly, this method tests the correlation between the LD score of each SNP (reflecting how correlated it is with nearby SNPs) and its test statistic, where the slope corresponds to the SNP/chip heritability, and the intercept is an estimate of inflation. It uses only SNPs that are likely well imputed (1000 Genomes [34] EUR MAF > 5%), while removing strand-ambiguous SNPs, insertions/deletions, those that do not match those in the 1000 Genomes data phase 3, those in the MHC region, and those with extremely large effect sizes [57, 58] . The genetics of other traits and diseases are inferred from previously published GWAS. A significant genetic correlation was considered if p < 2.5 × 10 −4 , assuming a correction for 200 different tests, which is conservative given that many of the traits/diseases tested are correlated with each other. Finally, we queried our top hits in the Oxford Brain Imaging Genetics Server to examine associations with other traits, including brain imaging phenotypes, in the UK Biobank (http://big.stats.ox.ac.uk/) [59] , and in the GTEx Portal for expression quantitative trait locus (eQTL) analysis.
Results
Self-reported PA in UK Biobank
There were 377,234 individuals with non-missing MVPA data. 80,721 individuals were excluded due to insufficient data on either moderate or vigorous PA days and/or duration. There were 261,055 individuals with non-missing VPA data. 175,965 individuals were excluded from the VPA analysis because they belonged to neither of the two defined groups. 21,946 individuals were excluded from VPA analyses because of insufficient data on VPA days and/or duration. For both measures, individuals excluded because of insufficient data were more likely to be female, older, and have a higher BMI (p < 2 × 10 −16 ). A summary of self-report PA variables can be found in Table 1 . BMI and TDI were consistently negatively associated with these variables, whereas warmer season and male gender were consistently positively associated with them (see Supplementary Table 1 ). PA at work was positively associated with MVPA and VPA, and negatively associated with SSOE. Self-report PA measures were weakly correlated with accelerometry-based measures (see Supplementary  Table 2 ). 'Chip heritability' estimates for self-report PA measures were approximately 5% ( Supplementary Table 3 ). Although Q-Q plots show some evidence of inflation (see Supplementary Figure 1 ), LD score regression intercepts (<1.03) suggest no significant systematic inflation of test statistics.
We found nine loci significantly associated (p < 5 × 10 −9 ) with MVPA (see Fig. 1 and Table 2 ). Among these, four were significantly associated with MVPA in both Models 1 and 3: APOE, EXOC4, CADM2, and PAX5. The RPP21 and ZNF165 loci were significant in Models 1 and 2, but not in Model 3. However, effect estimates were generally similar for all nine loci across Models 1 and 3. The CALU locus was only significant in Model 1. The PBX2 and ARHGEF26-AS1 loci were only significant in Models 2 and 3. Two loci, C11orf80 and CCDC188, were only significant in Model 3 (see Supplementary Tables 4 and 5 , Supplementary Figures 2 and 3 ). Among the nine identified SNPs, six exhibited trends with BMI in the expected direction, based on the negative phenotypic correlation between PA and BMI. Among the other three, the PA-increasing alleles at the CADM2 and PAX5 loci are associated with higher BMI (p = 7.9 × 10 −13 and 5.2 × 10 −8 , respectively; see Table 2 ).
Most notably among the MVPA associations, the C allele at SNP rs429358 in APOE was associated with higher selfreported MVPA. This MVPA-increasing allele is the one associated with higher Alzheimer's disease risk (see 'Discussion'). We found it to also be associated with higher levels of the four other PA measures, though not always reaching nominal significance (VPA: p = 5.3 × 10 −7 ; SSOE: p = 0.097; average acceleration: p = 8.2 × 10 −3 ; fraction of accelerations > 425 mg: p = 0.24). Testing the association of the Alzheimer's disease-related APOE ε4 allele with MVPA resulted in nearly identical findings. In models adjusted for other covariates, including BMI, this APOE variant remained genome-wide significant (see Supplementary Tables 4 and 5 and Supplementary Figures 2  and 3 ). Mediation analysis suggests partial mediation (~14%, p < 2 × 10 −16 ) by BMI on the association of rs429358 with MVPA. There were 45,440 individuals reporting any family history of Alzheimer's disease or dementia among parents and siblings. These individuals reported lower levels of MVPA (p = 1.2 × 10 −4 ). We found a significant interaction of rs429358 with family history (p = 0.012), whereby the association of rs429358 with MVPA was stronger among those reporting a family history (β = 0.042, p = 5.13 × 10 −8 ) compared to among those without a reported family history (β = 0.019, p = 6.38 × 10 −9 ). We also observed a significant interaction of age with this variant (p = 0.005). Specifically, among individuals in their forties, the association was weaker (β = 0.011, se = 0.006, p = 0.067) than among individuals in their fifties (β = 0.017, se = 0.005, p = 0.0013) and sixties (β = 0.030, se = 0.005, p = 1.28 × 10 −10 ). In addition, the frequency of the C allele decreased slightly across these age groups (r = −0.006, p < 5 × 10 −5 ), at 0.314, 0.309, and 0.305 among individuals in their forties, fifties and sixties, respectively.
Five loci were significantly associated with VPA using Model 1. The strongest among these were variants in CADM2. Four of these were significantly associated with VPA in all three models tested: CADM2, EXOC4, CTBP2, and DPY19L1. The FOXO3 locus was significant in Models 1 and 2, but not Model 3, and loci NEGR1 and MYOM3 were significant only in Model 3 (see Supplementary  Tables 4 and 5 , Supplementary Figures 2 and 3) . The VPAincreasing G allele at the NEGR1 SNP (rs3101340) is in LD (r 2 = 0.60) with a previously identified variant (rs3101336-C) associated with increased BMI [60] . Although different individual CADM2 SNPs were identified across models and with MVPA, these SNPs were in strong to moderate LD, suggesting allelic heterogeneity at this locus (see Supplementary Figures 4 and 5) . Among all five VPA-associated SNPs, only two had consistent trends of association with BMI in the direction expected based on the negative phenotypic correlation. Notably, the PA-increasing allele at the CADM2 SNP was associated with higher BMI (p = 6.8 × 10 −7 ; see Table 2 ). In a sensitivity analysis in which all individuals who did not self-report at least 3 days/week at 25 min/day of VPA were included as controls (as opposed to only individuals reporting 0 days of VPA), results were similar but generally weaker despite a larger sample size, with a chip heritability of approximately one half of that for the analysis using more extreme controls (h 2 = 0.026 (0.002) vs. 0.054 (0.003); see Supplementary Figure 6 ).
Six loci were significantly associated with SSOE using Model 1(see Table 2 and Fig. 1 ). CADM2 was the most Supplementary Tables 4 and 5 , Supplementary  Figures 2 and 3 ). The C allele at a variant in FTO (rs55872725) was associated with lower odds of SSOE only upon adjustment for BMI (Model 3). This allele is in complete LD (r 2 = 1) with the T allele of the wellestablished variant (rs1558902) associated with lower BMI. Correction for collider bias, shown in Supplementary  Table 5 , reduces the strength of this FTO SNP association with SSOE from p = 7.0 × 10 −13 to p = 3.0 × 10 −3 in the unbiased model, with the same direction of association. Among all five SSOE-associated SNPs, three showed consistent trends of association with BMI in the direction expected based on the negative phenotypic correlation.
Notably, the PA-increasing allele at the CADM2 SNP was associated with higher BMI (p = 1.2 × 10 −7 ; see Table 2 ). Upon meta-analysis of the nine top hits for MVPA with the results in ARIC, eight were genome-wide significant (p Fig. 1 Manhattan plots of GWAS for self-reported MVPA and VPA, strenuous sports or other exercises (abbreviated as SS or Other Exer.), and for accelerometer-based average accelerations, and fraction of accelerations > 425 mg. Negative log10-transformed pvalue for each SNP is plotted by chromosome and position (xaxis). The red horizontal line represents the threshold for genome-wide significant associations (p < 5 × 10 −9 ) (color figure online) < 5 × 10 −9 ), including the APOE, EXOC4, and CADM2 variants (see Supplementary Table 6 ). The direction of effect was consistent across ARIC and the UK Biobank for all 9 loci. For both VPA and SSOE, we observed consistent directions of effect for three out of the five top loci (see Supplementary Table 7 ).
Accelerometer-based PA in UK Biobank
There were approximately 91,000 individuals with nonmissing accelerometry data. Approximately 6,500 individuals were excluded because of insufficient wear-time. These excluded individuals were slightly more likely to be male (p = 0.03), younger (p < 2 × 10 −16 ) and have a higher BMI (p < 2 × 10 −16 ). 'Chip heritability' estimates for the accelerometry-based measures were higher (14% for average acceleration, and 11% for fraction of accelerations > 425 mg) than for self-report PA measures (Supplementary Table 3 ). Although Q-Q plots show some evidence of inflation (see Supplementary Figure 1 ), LD score regression intercepts (<1.008) suggest no significant systematic inflation of test statistics.
Using Model 1, two loci were found to be significantly associated with average acceleration and one locus with fraction of accelerations > 425 mg (see Table 2 and Fig. 1 ). Only the CRHR1 locus remained genome-wide significant The beta coefficient units for MVPA are standard deviations of MVPA (MET-minutes/week), after inverse normalization. The beta coefficient unit for acceleration average is milli-gravities. The beta coefficient unit for "Fraction Accel. >425 mg" is fraction of time. The beta coefficient units for BMI correspond to residualized BMI after inverse normalization.
EA: effect allele that Beta/OR corresponds to, EAF: effect allele frequency, n: sample size used in Model 1 a SNPs that remain genome-wide significant in Model 3 in Model 3. The RIT2/SYT4 locus was only associated with average acceleration in Model 1, and the PML locus was only significant with fraction of accelerations > 425 mg in Models 1 and 2 (see Table 2 , Supplementary Tables 4 and  5 , and Supplementary Figures 1 and 2) . In general, with the exception of the FTO locus as mentioned above, we observed minimal evidence of collider bias because of adjustment for BMI (see Supplementary  Table 5 ).
Consistent loci across self-report and accelerometry
We found a total of seven loci associated (p < 5 × 10 −5 ) with both self-report and accelerometry measures using Model 1 (see Supplementary Table 8 ). For MVPA and average acceleration, we identified four loci (MEF2C, RCOR1, STOML1, and CRHR1). For VPA, SSOE, and fraction of acceleration > 425 mg, we identified three loci (CADM2, PML, and CCNE1). However, among these, only RCOR1, CRHR1, and CADM2 remained significant in Models 2 and 3 (see Supplementary Table 9 ).
Follow-up analyses
We found highly significant negative genetic correlations of both MVPA and VPA with intelligence (see Fig. 2 ). We also found significant positive genetic correlations of MVPA and VPA with early-morning chronotype and psychiatric diseases, and negative correlations with body fat and waist circumference. In contrast to the genetic correlations with MVPA and VPA, we found a positive correlation of SSOE with years of schooling and intelligence. We also found positive genetic correlations with age at first birth and negative correlations with neuroticism, depressive symptoms, insomnia, body fat, and waist circumference (see Fig. 2 ). Among the accelerometry-based measures, we found highly significant negative genetic correlations of PA with waist and hip circumference, body fat, obesity, BMI, Fig. 2 Genetic correlation of self-reported PA variables with other traits and diseases across the three statistical models employed. Traits/ diseases shown are those that are in the top 10 of genetically correlated traits/diseases (according to p-value) for at least one of the three models. Traits/diseases are ordered from top to bottom in order of increasing p-value for Model 1. Horizontal position of bars corresponds to the genetic correlation (r g ) between PA and the respective trait/disease. Error bars represent 95% confidence intervals for r g estimates. Bright green bars represent traits that showed a correlation with p-value < 2.5 × 10 −4 , and light green bars represent traits with genetic correlation p < 0.05. We excluded highly redundant traits (e.g., obesity, overweight) after leaving higher ranked one in (color figure  online) and other cardiometabolic traits (see Fig. 3 ). Genetic correlation results remained very similar with GWAS models including activity at work and TDI as covariates, except for generally attenuated correlations with intelligence in the model with all covariates except BMI (Model 2, see Fig. 2 ). However, upon the addition of BMI as a covariate (Model 3), the direction of genetic correlation between PA and obesity traits was reversed (see Figs. 2 and 3 ). As we note below, caution may be warranted in interpreting results from these adjusted models, especially since we observed a reversal of direction of correlations with obesity-related traits upon BMI adjustment.
Gene-based tissue enrichment analysis using data from GTEx generally implicate the brain and pituitary gland as primary tissues through which the PA-associated loci may exert their effects (see Fig. 4 ). Examination of more specific tissues reveals several different parts of the brain. The cerebellum and the frontal cortex appear most consistently implicated across the five PA phenotypes (see Supplementary Figures 7 and 8) . Results remained similar when using Models 2 and 3. Gene-set analyses reveal several nervous system gene sets across the PA phenotypes, but the only significant gene set after correction for multiple testing was for enrichment of genes involved in the synapse, for SSOE (see Supplementary Table 10 ).
Look-up of top SNPs in the Oxford Brain Imaging server suggests associations with mental health, body composition, educational attainment, sleep and psychiatric traits, in addition to PA traits. The rs62253088-T PA-increasing allele in CADM2 was also associated with decreased neuroticism, and decreased self-reported nervous and anxious feelings. The rs7804463-C allele (EXOC4) associated with less PA is also associated with higher self-reported time spent using computer, fewer mood swings, and greater daytime dozing. The rs55657917-G allele (CRHR1) associated with greater PA was also associated with greater neuroticism, lower pulmonary function, greater sense of hurt feelings, and fewer naps during the day (see Supplementary Figure 9 ). Gene expression analyses imply several different tissues including the brain, adrenal and thyroid gland, skeletal muscle and adipose tissue, among others (see Supplementary Tables 11 and 12 ). Genes that we identified have previously been implicated in a range of other traits and diseases, including behavioral, cardiometabolic, psychiatric, educational attainment, and pulmonary function traits (see Supplementary Table 11 ).
Discussion
Given the importance of PA for many dimensions of health, and its' reported heritability, we sought to identify genetic variants that are associated with engagement in habitual PA, while considering important covariates such Fig. 3 Genetic correlation of accelerometry-based PA variables with other traits and diseases across the three statistical models employed. Traits/diseases shown are those that are in the top 10 of genetically correlated traits/diseases (according to p-value) for at least one of the three models. Traits/diseases are ordered from top to bottom in order of increasing p-value for Model 1. Horizontal position of bars corresponds to the genetic correlation (r g ) between PA and the respective trait/disease. Error bars represent 95% confidence intervals for r g estimates. Bright green bars represent traits that showed a correlation with p-value < 2.5 × 10 −4 , and light green bars represent traits with genetic correlation p < 0.05. We excluded highly redundant traits (e.g., obesity, overweight) after leaving higher ranked one in (color figure  online) as season, PA at work, socio-economic status, and BMI. In the UK Biobank, with a very large sample size and multiple measures of PA, we identified ten loci that were genome-wide significant for at least one of the PA measures and were consistently associated with the respective PA measure in both the basic (Model 1) and the fully adjusted model (Model 3). We also identified three loci that exhibit consistent associations across both self-report and accelerometry measures.
Although most of the identified loci were novel, the genes that they were in or in proximity to have previous links to various diseases and traits (see Supplementary  Table 11 ). Among these, variants in CADM2, a gene which encodes cell adhesion molecule 2, and is primarily expressed in the brain, has been linked to BMI variation [60, 61] , risk-taking behavior and other personality and behavioral traits [62] [63] [64] [65] , as well as with information processing speed [66] . The previously identified BMI-associated variant Fig. 4 Results of gene-based enrichment analysis for 30 general tissue types for PA-associated loci. Dashed line represents the Bonferronicorrected significance threshold (rs13078960) [60, 61] is not in LD (r 2 < 0.07) with the PA-associated variants that we identified, except for the SSOE-increasing allele at rs62253088 being positively, but weakly, correlated with the BMI-increasing allele at rs13078960 (r 2 = 0.2). The previously identified G alleles at both rs13084531 [64] and rs57401290 [63] associated with risk taking are weakly to moderately correlated (r 2 = 0.52 and 0.23, respectively) with the SSOE-increasing allele that we identified at rs62253088 (see Supplementary Figure 5 ). It thus appears that this locus may be important for several personality, cognitive, and behavioral traits, and may potentially be involved in reward systems. We found that the association of CADM2 variants with PA in Model 1 was unaffected by the inclusion of BMI as a covariate. Furthermore, the PA-increasing alleles at this locus are associated with higher BMI, in the opposite direction of the phenotypic correlation. Along these lines, but with slightly deviating results, a recent study in mice found that Cadm2deficient mice exhibit increased locomotor activity along with reduced adiposity [67] . Finally, it is important to note that this locus appeared to be more strongly associated with VPA and SSOE as compared to MVPA. It may thus be specifically implicated in the proclivity to engage in intentional high-intensity exercise and sport, as opposed to more general and/or lower intensity PA.
Interestingly, a well-established variant in APOE (part of APOE ε4 allele), strongly implicated in Alzheimer's disease [47, 68] , exhibited one of the strongest associations with PA, and remained significant upon meta-analysis. How the APOE risk allele is associated with greater PA is not clear. An exercise training study found that APOE ε4 carriers had a greater increase in aerobic capacity [69] . This increased responsivity to PA could reinforce engagement in PA or be related to other factors that influence the tendency to engage in PA. Although another potential explanation for our finding is that individuals with a known family history of dementia or Alzheimer's disease purposefully increase their levels of PA in the hope of reducing risk for developing the disease, our findings do not suggest that individuals with a first-degree family history of Alzheimer's disease or dementia engage in higher levels of PA. However, we could not rule out the possibility of selection bias. Since the association was markedly stronger among older participants and the frequency of the risk allele decreased slightly with age from 40 to 69 years, it may be that the older APOE risk allele carriers are particularly enriched for healthy lifestyles. It is important to note that an association between APOE and PA may lead to spurious gene-environment interactions [70] , and thus further work is needed to confirm and clarify this observed association.
Among the other specific loci that we identified, we did not find any of the loci that have previously been linked to PA [15, 16] . The pattern of tissue-specific expression of the identified genes (or nearby genes) varied quite widely, although we observed an overall enrichment of genes expressed in the brain and pituitary gland, and more specifically in the cerebellum and frontal cortex. The cerebellum is involved in the precise coordination of motor activity, and the frontal cortex is involved in decision making, personality expression, and executive function. We also observed an enrichment of genes involved in the nervous system, including in the synapse. Other than CADM2 and APOE, the other identified genes have been previously associated with a wide variety of traits, including intelligence, cognitive decline, blood cell traits, schizophrenia, and obesity, among others. They are also expressed in a wide variety of tissues. We suspect that there are many potential paths leading to differences in PA. These could include response to exercise, personality, hormonal levels, and body composition. Future research is needed to help elucidate the genetic underpinnings of these proximate mechanisms, and to provide insight into how each of the identified loci contribute to habitual PA behavior.
Previous studies have shown that BMI-associated genetic variants are also associated with PA [71, 72] . Similarly, we found an overall shared genetic basis for PA (especially accelerometer-based measures) with several obesity-related traits (in the expected negative direction of association), suggesting that genetic risk for obesity coincides with genetic propensity for lower PA. There is likely a complex set of genetic, environmental, and phenotypic factors that connect PA and obesity across the lifespan, that involve many pleiotropic genetic factors. Although we identified previously identified BMI-associated genes (FTO and NEGR1) in Model 3, these results appear to be at least partly attributed to collider bias. Similarly, for all five PA traits, we observed that the direction of the genetic correlation between PA and obesity-related traits is reversed when BMI is included as a covariate, despite a strong negative phenotypic correlation between PA and BMI. In addition to the caution warranted by potential collider bias which occurs when one controls for a variable (i.e., BMI) that is caused by both another covariate (i.e., gene) and the outcome variable in the model (i.e., PA) [46, 73] , caution is also warranted in interpreting results of genetic associations in which heritable covariates are included in the association model [74] . On the other hand, however, adjustment for the covariates may help identify/confirm loci that may or may not be spuriously associated with PA because of confounding via correlated factors.
Our study is strengthened by the large sample size, the availability of both self-reported and objective accelerometer-based measures of PA, and the availability of a replication cohort from a different country. However, we note several limitations. Given the relatively small genetic effect sizes observed for these PA phenotypes, we were insufficiently powered to formally replicate associations in the much smaller sample size in ARIC. Our inability to firmly replicate these findings does detract from our confidence in the generalizability of the UK Biobank results. It could be, for example, that the genetic architecture and implicated genes for habitual PA differ widely by country, as well as by age group (see below), and by PA measure. Additional and larger replication studies are thus needed to more robustly identify PA-associated loci. Furthermore, the self-report measures of PA used in ARIC differed from the one used in the UK Biobank. The ARIC measure focuses more explicitly on leisure-time PA and incorporates more detailed information about PA, such as the frequency of sweating and a comparison of PA frequency with others of the same age. Both self-reported and accelerometer-based measures of PA are subject to various biases. Since both the UK Biobank and ARIC cohorts are comprised of middleaged to late-middle-aged adults, the extent to which these results generalize to other age groups is not known. For example, it has been shown that the heritability of PA changes with age, with a decreased heritability in older ages [75] . Thus our power to detect strong effects may have been compromised by the older age range in both cohorts that we examined. Furthermore, our results may not generalize to other ethnic/racial groups.
In conclusion, our study revealed several important new findings. Effect sizes were generally very small, given the very large sample size, the common variants identified, and the modest p-values. We identified over 20 variants, most of which were novel, and thus need further study. We identified a variant in CADM2, a gene previously found to be associated with obesity, as well as several personality traits. We also identified a well-established major risk variant for Alzheimer's disease in APOE, which was associated with higher levels of PA, suggesting the need for follow-up studies to help clarify the nature of this observed association and its implication for understanding gene-environment interactions related to PA. We found genetic correlations of PA with obesity [60, 76] , psychiatric [77, 78] , educational [79] , chronotype [80] , and other traits. Genetic correlations with obesity may indicate extensive pleiotropy involving genes associated with both PA and obesity. The identification of genetic factors that predispose to high or low levels of PA will lead to a better understanding of the biological mechanisms underlying these proclivities. It may also lead to the identification of individuals less likely to engage in and/or adhere to PA, and consequently to the development of tailored behavioral strategies. Finally, the integration of genetic characteristics with lifestyle and environmental information may point to how lifestyle/ environmental factors interact with genetic factors to influence levels of PA.
